Abstract. In surgical simulations, the two most popular approaches to model soft tissues are Finite Element Method (FEM) and Mass-Spring System (MSS). Main advantages of FEM are accuracy and realism. Furthermore, the model allows the direct integration of experimentally obtained biomechanical tissue parameters. However, computation times remain high, limiting real-time application of the method. In contrast to this, the main advantage of MSS is low computational complexity and simple implementation. These factors make the latter method highly attractive for virtual reality based surgical simulators. However, the specification of system parameters for a MSS (masses, spring constants, mesh topology) is not straightforward and remains a major difficulty of the approach. In this paper, we propose a solution to this problem based on evolutionary algorithms -our current focus being the determination of mesh topology. We use reference models to obtain the topology of a MSS. First results demonstrate, that the exact recovery of isotropic and anisotropic reference mesh configurations is possible.
Introduction
Realistic behavior and real-time capability are two main features required for surgical training simulators. These contradictory requirements pose a major problem to soft tissue modeling. While high accuracy is needed to achieve realism, highly complex models usually lead to increased computation times.
Primarily two approaches are proposed in the literature for modeling soft tissues in medical applications. The first one is the Finite Element Method, which provides a rigorous representation of soft tissue physics based on continuum mechanics. An advantage of the method is the possibility to directly integrate material parameters resulting from soft tissue measurements into the calculations. Different levels of accuracy for deformation simulation have been realized with this method, ranging from elastic linear [8] to nonlinear anisotropic systems [14] . Nevertheless, high computation times still remain an obstacle for real time applicability of the method.
The second approach is Mass-Spring Systems, introduced in [16] . These consist of a mesh of mass points connected by elastic links. System movement is evaluated by integrating the fundamental law of dynamics. Due to the simplicity of the motion equations, the MSS is computationally attractive for medical simulators. Various applications have already used nodal systems to simulate soft tissues, for instance [1] simulates the cutting operation of deformable tissue based on mass-spring models and [5] models fat tissue in a craniofacial surgery simulator. However, one has to keep in mind, that a MSS represent a discrete model which only roughly approximates the true physics governing the deformation of an object [7] . Also [3] mentions, that it is delicate to validate deformations of a MSS with experimental biomedical data, since such a system does not rely on continuum mechanics. Nevertheless, the question which degree of realism is needed for achieving training effects when using a simulator still remains unanswered [9] . Assuming that a decision was made for using a MSS, a significant problem remains -the assignment of system parameters. Length, stiffness and transfer function of springs, mass distribution and mesh topology have to be defined. A usual approach to obtain a desired deformation behavior is the manual iterative tuning of a MSS. However, this process is tedious and does not guarantee to find an optimal solution.
In this paper we suggest a different approach to the problem. The main idea is to approximate the behavior of a physically accurate reference model (such as a FEM system) by adjusting the system parameters of the MSS. Since some attempts have already been made to determine mass distribution and spring constants, we direct our initial focus of the parameter adjustment process to the mesh topology. Usually, regular meshes are used in the majority of approaches using a MSS for tissue deformation. However, tissue characteristics like anisotropies or inhomogeneities already require adjustments at the level of the topology. Also in [10] the importance of an appropriate mesh topology has been identified. Meshes with identical mass and spring constants still behave quite differently depending on the overall topology. In the following we will describe the identification of the MSS topology by using a genetic optimization algorithm.
Previous Work
Few approaches have already been proposed to automatically identify parameters of phenomenological tissue deformation models.
In [13] and [15] , a neuro-fuzzy network is designed to simulate the behavior of soft tissues. Linguistic terms defined by if-then rules are used to specify tissue characteristics and so initialise a neural network. The system parameters are then adjusted based on a fuzzy system. Unfortunately, this concept implies that the user manually has to tune the initialization of the parameters.
In [11] an evolutionary strategy is applied to identify spring parameters for a cloth model. The basic idea is to optimize a cost function, which measures the difference between the behavior of a predicted and a reference model.
Other ongoing research compares the deformation behavior of FEM and MSS. Recent work shows that assigning the same stiffness to all springs fails to simulate even a uniform elastic tissue [6] . In the case of triangulated spring meshes, they propose to specify the stiffness values proportional to triangle area and Young's modulus. These concepts were later applied to simulate soft tissue [2] . Biomechanical properties of real rat liver are measured and the experimental data are exported into their model.
The use of simulated annealing for identification of spring parameters from a reference model is suggested in [4] . Moreover, a method is proposed to obtain a homogeneous point and mass distribution.
All the MSSs described in these works have a predefined topology, usually regular, tetrahedral or hexahedral lattices. However, no research regarding the topology design according to the deformation behavior of MSS has been attempted so far.
Topology Identification

Overview
The main idea of our approach for identification of MSS mesh topology is comparison of the deformation behavior of a training model with a known reference system. The ground truth can be based on any deformation approach. However, for the time being we only compare two MSSs, since in this case the exact solution is known. It also has to be mentioned, that since we focus on the topological design, we assume constant mass distribution and spring stiffness for the time being. A cost function will be defined which measures the difference between the training and the reference model and an optimization is carried out based on the genetic algorithm approach.
Genetic Algorithm
Genetic algorithms [12] are based on the evolution of species. They consist of populations of individuals, each of the latter representing a potential solution to a problem -in our case the mesh topology. The optimization principle consists in evolving the population by means of the three following genetic operators:
Selection This operator selects within the population a pair of individuals (parents) with a preselected probability. In our case, the selection strategy is based on the roulette wheel approach. Crossover This method consists in generating a new pair of individuals (offsprings) from the parents by concatenating the prefix of one parent with the suffix of the other one. The selected parents undergo a crossover with a prefixed probability. In our experiments we obtained the best results with a crossover value of 30%. Mutation This operator changes randomly the value of one or more genes of the genome. A genetic algorithm can be quite sensitive to this parameter. For values larger than 5%, the role of mutation becomes predominant and disturbs system convergence. The probability of mutation in our case is 1%.
The evolution of the system by means of these genetic operators converges to a population in which all the individuals are identical. This unique species represents the best solution of the problem. In our approach we used a C++ library for genetic algorithms, which was developed at the Massachusetts Institute of Technology [17] . Before starting the optimization an appropriate cost function measuring the fitness of an individual has to be selected.
Cost Function
Our cost function is based on the standard formulation of a MSS. We define different load cases on the mesh and compute the static deformations. The equilibrium position of a MSS is determined by Newton's first law of motion.
where F ext represents the external forces applied to the system, such as forces exerted by surgical tools or gravity, and F int corresponds to internal forces resulting from the tension of the springs. We introduce a binary variable α ij defined by α ij = 1 if the points P i and P j are linked by a spring 0 otherwise
This variable is used to represent the different topologies of the training mesh. If P i is the i th point of the mesh, the internal force F i applied to P i is now obtained by
where k ij is the stiffness of the spring between points P i and P j with natural length l ij , X i and X j represent the coordinate vectors of points P i and P j , and N (i) is the set of points connected to point P i . The total internal forces with m points are expressed as
We can now define the cost function as the difference between the deformation of a training MSS M with a topology defined by the values of α ij and a reference model R.
where X R i is the equilibrium position of the i th point of R and X M i is the equilibrium position of the i th point of M . The best topology of M can now be obtained by minimizing the cost function. Since the function f is not differentiable and the number of variables can become very high depending on the number of connections considered for M , the most appropriate method to optimize f is a genetic algorithm based approach.
Topology Optimization
After selecting the cost function, the genetic algorithm has to be initialized.
Genome The genome (or individual) is a string of bits which represents a potential topology of the mass-spring model. The size of the string depends on the number of neighbors we allow for each node. This number defines the search area for optimizing the connections to the node under consideration. Population We noticed that population sizes of larger than 20 individuals did not improve the results, but instead increased computation times. Therefore, the population consists of 20 genomes. Initializing The population is initialized with random binary values. The points X M i of the training model are initialized with the positions of the reference model. We assume the number of nodes of M is equal to the one of R and each point of R has a corresponding point in M . Other topology information of the reference model R is not used. Since our initial experiments are carried out in 2D, we allow at most 8 neighbors for each node.
In order to catch the elastic behavior of the reference model R, we apply representative load cases to it. The row A of the array in Figure 1 shows the different equilibrium positions of an example model while applying different loads. The first column contains the model without loads and the second one shows deformations under stretching loads. Shearing forces are represented in the third column and compression forces in the last one. From this set of load cases, the genetic algorithm has to find a topology of M which approximates all the deformations of R. Our experiments have shown, that incorporation of all load cases into the genetic algorithm from the start of the process gives the best results. Therefore, we extend the cost function over all the deformations (n forces) 
Experimental Results
In this section, we show the results obtained by comparing two MSSs in order to verify the ability of the genetic algorithm to recover different known mesh topologies. Experiments were carried out for two different regular models characterizing linear isotropic and anisotropic deformations. The last experiment shows the results obtained for an irregular reference mesh (a cross-section of a kidney). Four independent trials to obtain the regular isotropic mesh have been carried out. In three cases, the optimization fully recovered the topology of the reference mesh in about 400 iterations as shown in row B of Figure 1 . In these cases the cost function reaches zero. However, in one case shown in row C the algorithm did not converge to zero after the maximum number of 1000 iterations. While only a suboptimal solution missing a few links has been found the global behavior remains close to that of R. This is also illustrated by the resulting low cost function value reached (0.01). The evolution of the cost function for one optimal and the suboptimal case is depicted by Figure 2 . 
Conclusion and Future Work
We have proposed a method based on a genetic algorithm to identify the topology of MSSs by comparing its behavior with the one of a known reference model. Our algorithm was able to fully or almost perfectly recover the topology of the MSSs. Spring connections characterizing linear isotropic as well as anisotropic deformations were successfully identified. These initial experiments were realized with a mass spring reference model in order to verify the ability of the genetic algorithm to find an a priori known ground truth. The next step will be the use of a FEM model as the reference model. Moreover, we also plan to integrate the full dynamic behavior of the deformations into the genetic optimization calculations in order to further improve the recovery process. Finally, we will extend the approach to the third dimension.
